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Abstract

In this paper, we examine the effectiveness of StyleGAN-generated images for data augmentation in training deep neural networks
for medical image classification. We apply StyleGAN data augmentation to train VGG-16 networks for pneumonia diagnosis from
chest X-ray images and focal liver lesion classification from abdominal CT images. Through quantitative and qualitative analyses,
our experiments reveal that StyleGAN data augmentation expands the outer class boundaries in the feature space. Thanks to this
expansion characteristics, the StyleGAN data augmentation can enhance classification performance when properly combined

with real training images.
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Figure 1: Overview of the proposed method
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Figure 2: Architecture of the StyleGAN synthesis network.
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Figure 3: Architecture of Chest X-ray Pneumonia Classifier.
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Table 1: Statistics of chest X-ray pneumonia classification dataset

Subsets Normal Pneumonia Total

Training 1341 3875 5216
Validation 8 8 16
Test 234 390 624

Total 1583 4273 5856
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Table 2: Statistics of abdominal CT FLL classification dataset.

Subsets  Cyst Hemangioma Metastasis Total
Training 433 70 178 681
Validation 115 30 157 302
Test 128 30 149 307
Total 676 130 484 1290
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(c) Pneumonia (StyleGAN)

(d) Normal (StyleGAN)

Figure 4: Examples of real and StyleGAN-generated chest X-ray images.
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Figure 5: Example images of real and StyleGAN-generated focal liver lesion CT images.
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Table 3: Performance comparison of chest X-ray pneumonia classification results.

Normal Pneumonia
Methods Accuracy [%]  F1-Score [%] | Precision [%] Recall [%] ‘ Precision [%] Recall [%]
Baseline (StyleGAN 0%) 88.88+2.23 87.794+2.76 93.59+4.89 89.65+4.94 81.03+10.69 89.554+6.44
StyleGAN 25% 91.834+0.34 91.214+0.34 94.56+1.58 92.56+1.12 87.26+2.27 90.714+2.26
StyleGAN 50% 89.744+0.79 88.65+1.10 96.00+3.84 88.8243.55 79.32+7.44 93.09+5.29
StyleGAN 75% 89.55+1.27 88.65+1.43 93.90+2.82 89.96+2.34 82.31+£5.00 89.35+3.89
StyleGAN 100% 87.37+1.62 85.76+1.98 96.56+0.77 85.261+2.05 72.05+4.51 92.66+1.45

Table 4: Performance comparison of abdominal CT focal liver lesion classification results. (Sens.: Sensitivity, Spec.: Specificity)

Cyst Hemgnaioma Metastasis

Methods Accuracy [%]  F1-Score [%] Sens. [%] Spec. [%] \ Sens. [%] Spec. [%] \ Sens. [%] Spec. [%]

Baseline (StyleGAN 0%) 72.25+1.01 60.71+1.12 85.63+2.11 82.01+1.74 29.334+1.49 89.46+1.95 69.40+1.22 84.9440.69

StyleGAN 25% 73.42+1.89 62.66+3.47 87.34+1.50 80.67+1.29 33.33+11.79 91.55+3.35 69.53+3.31 85.06+2.59

StyleGAN 50% 73.16+1.73 61.97+1.76 85.78+2.17 77.88+1.40 28.0045.58 94.584+2.81 71.41+£2.91 82.414+1.04

StyleGAN 75% 71.14+0.99 59.63+1.38 81.41+1.69 78.10+1.45 24.67+8.69 95.52+2.46 71.68+2.70 76.58+1.61

StyleGAN 100% 40.98+0.87 35.75+9.04 56.88+24.33  64.47+36.08 | 57.33+32.09 62.45+21.16 | 24.03+13.56 91.39+5.27
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Figure 6: Comparison of the t-SNE distributions of real and synthetic image features in various chest X-ray classification networks.
Each percentage represents the proportion of StyleGAN synthetic images in the training dataset.(Normal: blue, Pneumonia: red, Real
images: dots, StyleGAN images: triangles)
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Figure 7: Comparison of the t-SNE distributions of real and synthetic image features in various CT focal liver lesion classification
networks. Each percentage represents the proportion of StyleGAN synthetic images in the training dataset. (Cyst: blue, Hemangioma:
green, Metastasis: red, Real images: circles, StyleGAN images: triangles)
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